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Abstract

Drawing inferences between open-domain nat-001
ural language predicates is a necessity for true002
language understanding. There has been much003
progress in unsupervised learning of entail-004
ment graphs for this purpose. We make three005
contributions: (1) we reinterpret the Distribu-006
tional Inclusion Hypothesis to model entail-007
ment between predicates of different valencies,008
like DEFEAT(Biden, Trump) � WIN(Biden);009
(2) we actualize this theory by learning un-010
supervised Multivalent Entailment Graphs of011
open-domain predicates; and (3) we demon-012
strate the capabilities of these graphs on a013
novel question answering task. We show that014
directional entailment is more helpful for infer-015
ence than non-directional similarity on ques-016
tions of fine-grained semantics. We also show017
that drawing on evidence across valencies an-018
swers more questions than by using only the019
same valency evidence.020

1 Introduction021

We are reading a mystery about a dark and forebod-022

ing manor and have one question: “is Mr. Boddy023

dead?”1 Our text might say “Colonel Mustard024

killed Mr. Boddy,” or “Mr. Boddy was murdered025

in the kitchen with a candlestick,” either of which026

answers the question, but only via natural language027

inference. An Entailment Graph (EG) is a structure028

of meaning postulates supporting these inferences029

such as “if A kills B, then B is dead.”030

Entailment Graphs contain vertices of open-031

domain natural language predicates and entail-032

ments between them are represented as directed033

edges. Previous models learn predicates of a single034

valency, the number and types of arguments con-035

trolled by the predicate. Commonly these are bi-036

nary graphs, which cannot model single-argument037

predicates like the entity states “is dead” or “is an038

1The murder mystery board game Clue (also known as
Cluedo) lends inspiration to this project.

author.” This means they miss a variety of entail- 039

ments in text that could be used to answer questions 040

such as our example. The Distributional Inclusion 041

Hypothesis (DIH) (Dagan et al., 1999; Kartsaklis 042

and Sadrzadeh, 2016) is a theory which has been 043

used effectively in unsupervised learning of these 044

same-valency entailment graphs (Geffet and Dagan, 045

2005; Berant et al., 2010; Hosseini et al., 2018). 046

In this work the DIH is reinterpreted in a way 047

which supports learning entailments between pred- 048

icates of different valencies such as KILL(Mustard, 049

Boddy) � DIE(Boddy). We extend the work of Hos- 050

seini et al. (2018) and develop a new Multivalent 051

Entailment Graph (MGraph) where vertices may 052

be predicates of different valencies. This results 053

in new kinds of entailments that answer a broader 054

range of questions including entity state. 055

We further pose a true-false question answering 056

task which demonstrates the MGraph’s capabilities. 057

Our MGraph makes inferences across propositions 058

of different valencies to answer more questions 059

than using same-valence entailment graphs. We 060

also compare with several baselines, including un- 061

supervised pretrained language models, and show 062

that our directional entailment graphs succeed over 063

non-directional similarity measures in answering 064

questions of fine-grained semantics. 065

Advantageously, entailment graphs are struc- 066

tures designed to be queried, so they are inherently 067

explainable. This research is conducted in English, 068

but as an unsupervised algorithm it can be applied 069

to others given a parser and named entity linker. 070

2 Background 071

The task of recognizing textual entailment (Dagan 072

et al., 2006) requires models to predict a relation 073

between a text T and hypothesis H; “T entails H if, 074

typically, a human reading T would infer that H is 075

most likely true.” From here, research has moved in 076

several directions. We study predicates, including 077

verbs and phrases that apply to arguments. 078
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Research in predicate entailment graphs has079

evolved from “local” learning of entailment rules080

(Geffet and Dagan, 2005; Szpektor and Dagan,081

2008) to later work on joint learning of “global-082

ized” rules, overcoming sparsity in local graphs083

(Berant et al., 2010; Hosseini et al., 2018).084

These graphs frequently rely on the DIH for the085

local learning step to learn initial predicate repre-086

sentations. The DIH states that for some predicates087

p and q, if in any context that p is used, q can be088

used instead, then p entails q (Geffet and Dagan,089

2005). Using arguments as the context, previous090

work only considers predicates of the same valency091

(e.g. binary predicates entail binary; unary entail092

unary). However, this ignores crucial inferences093

that cross valencies such as the kill/die example,094

which are easy for humans. We generalize the DIH095

to learn entailments within and across valencies.096

Typing is very helpful for entailment graph learn-097

ing (Berant et al., 2010; Lewis and Steedman, 2013;098

Hosseini et al., 2018). Inducing a type for each ar-099

gument such as “person,” “location,” etc. enables100

generalized learning across instances and disam-101

biguates word sense, e.g. “running a company” has102

different entailments than “running code.”103

We compare our model to several baselines, in-104

cluding strong pretrained language models in an105

unsupervised setting using similarity. BERT (De-106

vlin et al., 2019) generates impressive word repre-107

sentations, even unsupervised (Petroni et al., 2019),108

which we compare with on a task of predicate infer-109

ence. We further test RoBERTa (Liu et al., 2019)110

to show the impact of robust in-domain pretrain-111

ing on the same architecture. These non-directional112

similarity models provide a strong baseline for eval-113

uating directional entailment graphs.114

3 Multivalent Distributional Inclusion115

Hypothesis116

We pose a new, multivalent interpretation of the117

DIH (the MDIH) which models the entailment of118

predicates across valencies. The intuition comes119

from observing eventualities (Vendler, 1967) which120

occur in the world. Neo-Davidsonian semantics121

(Davidson, 1967; Maienborn, 2011) explains that122

a textual predicate identifies a nucleus of mean-123

ing separate to realized arguments. Further, entail-124

ments about one or more of the arguments arise125

from their roles in this underlying eventuality. We126

may infer that “Mr. Boddy died” due to being a di-127

rect object in the killing/murdering event. No other128

information is needed, including who murdered Mr. 129

Boddy, where, or with what instrument. Boddy is 130

dead simply because he was murdered. We build 131

on this insight to develop the MDIH. 132

Here, the context of a predicate as in §2 is 133

the argument tuple it appears with, recognizing 134

that the tuple is a proxy for a world event, e.g. 135

VISIT(Obama, Hawaii) identifies one instance of 136

a real visit event. Our method learns by tracking 137

entity tuples across events in the world. The MDIH 138

signals an entailment from a premise p to hypoth- 139

esis h if, distributionally, tuples of p are always 140

found amongst those of h. Crucially, we allow 141

h to drop in valency so that we learn entailments 142

about subsets of p’s arguments. The MDIH is now 143

formalized and then we illustrate with an example. 144

We define the argument tuple structures for a 145

premise and hypothesis predicate: 146

P = {(ak,1, . . . , ak,I) | k ∈ {1, . . . ,M}} 147

H = {(bk,1, . . . , bk,J) | k ∈ {1, . . . , N}} 148

P is a set of M argument tuples (each of size I) 149

which correspond to instances of a premise pred- 150

icate p. H is a set of N argument tuples (each 151

of size J) representing the same for hypothesis h. 152

We limit J ≤ I , e.g. we do not allow entailing to 153

higher valencies such as a unary entailing a binary 154

because the new arguments would be hallucinated. 155

We define a vector of indices j with length J 156

used to select a subset of arguments by position 157

from tuples in P. For example, with j = [2, 3], 158

P [:, j] takes each argument tuple in P and selects 159

just the 2nd and 3rd arguments, which forms a 160

new set of 2-tuples. We define the Multivalent 161

Distributional Inclusion Hypothesis: if P [:, j] ⊆ 162

H[:,m(j)], then p � h. Here m : NJ → NJ is a 163

simple mapping from argument indices of p to h. 164

We illustrate by working the kill/die example 165

on a hypothetical corpus. We might find that 166

KILL(x, y) � DIE(y) by trying j = [2] and 167

m([2]) = [1]. We start with P , all 2-tuples of 168

killings, and H , all 1-tuples of dyings and apply j 169

and m(). We may find that selecting arg 2 from all 170

tuples in P forms a subset of the selection of arg 1 171

from tuples in H . Though dyings may happen in 172

many ways, we observe that arg 2 of a killing al- 173

ways occurs with a dying, and thus we infer the en- 174

tailment. Intuitively this is true for arbitrarily large 175

valencies: MURDER(Mustard, Boddy, kitchen, can- 176

dlestick) entails KILL(Mustard, Boddy) and both 177

entail DIE(Boddy). 178
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4 Learning Multivalent Graphs179

We define an Entailment Graph as a directed graph180

of predicates and their entailments, G = (V,E).181

The vertices V are the set of predicates where182

each predicate argument has a type from the set183

T , e.g. TRAVEL.TO(:person, :location) ∈ V , and184

:person, :location ∈ T . The directed edges are185

E = {(v1, v2) | v1, v2 ∈ V if v1 � v2}, or all186

entailments between vertices in V .187

In Multivalent Entailment Graphs we expand188

V to contain predicates of both 1- and 2-valency,189

and E to edges between these vertices, described190

as follows. Let B represent the class of binary191

predicates and U unaries. Define E as the set of all192

entities in the world, and some particular entities193

x, y ∈ E to illustrate. E contains these connections:194

Bx,y → Bx,y and Bx,y → By,x (which we call195

BB entailments); Bx,y → Ux and Bx,y → Uy196

(BU) in which individual arguments of binaries197

have unary entailments; and Ux → Ux (UU) the198

unary entailments of a unary.199

Predicates with valence > 2 are sparse in the text,200

but are also included in the MGraph by decom-201

posing them into binary relations between pairs202

of arguments. This is another application of our203

Multivalent DIH. We maintain argument roles, so204

each binary is a window into its higher-valency205

predicate; these entail other binaries and unaries.206

To learn these new kinds of connections we de-207

velop a method of local entailment rule learning us-208

ing the MDIH. As in §2, the local step learns the ini-209

tial directed edges of the entailment graph, which210

are further improved with global learning. Our lo-211

cal step learns entailments by machine-reading the212

NewsSpike corpus (2.3GB), which contains 550K213

news articles, or over 20M sentences (Zhang and214

Weld, 2013). NewsSpike consists of multi-source215

news articles collected within a fixed timeframe,216

and due to these properties the articles frequently217

discuss the same events but phrased in different218

ways, providing appropriate training evidence.219

4.1 Extraction of Predicate Relations220

We parse article sentences using the Stanojević and221

Steedman (2019) Combinatory Categorial Gram-222

mar parser (CCG; Steedman, 2000) to form depen-223

dency graphs, and then traverse these to extract224

relations. This process results in a list of proposi-225

tions: typed predicates with associated arguments.226

Arguments may take the form of named enti-227

ties2 or general entities (noun phrases). Entities are 228

mapped to types by linking to their Freebase IDs 229

(Bollacker et al., 2008) using AIDA-Light (Nguyen 230

et al., 2014), and mapping the IDs to the 49 first- 231

level FIGER types (Ling and Weld, 2012). 232

Both binary relations like in Hosseini et al. 233

(2018) (e.g. Mustard-kill-Boddy) and unary rela- 234

tions are extracted from the corpus if they contain 235

at least one named entity, which helps anchor to a 236

real-world event. This poses a challenge as noted 237

by Szpektor and Dagan (2008). While binary pred- 238

icates may be extracted from dependency paths 239

between two entities, unary predicates only have 240

one endpoint, so we must carefully apply linguistic 241

knowledge to extract meaningful unary relations. 242

We extract these neo-Davidsonian event cases: 243

• One-argument verbs including intransitives, e.g. 244

“Knowles sang”→ SING.1(Knowles) 245

and passivized transitives, e.g. 246

“Bill H.R. 1 was passed”→ PASS.2(Bill-HR1) 247

• Copular constructions, where copular “be” acts 248

as the main verb, e.g. 249

“Chiang is an author”→ BE.AUTHOR.1(Chiang) 250

and where it does not e.g. 251

“Bolt seems to be the winner”→ 252

SEEM.TO.BE.WINNER.1(Bolt) 253

As with binaries in earlier work, unary predicates 254

are lemmatized, and tense, aspect, modality, and 255

other auxiliaries are stripped. The CCG argument 256

position which corresponds to its case (e.g. 1 for 257

nominative, 2 for accusative), is appended to the 258

predicate. Passive predicates are mapped to active 259

ones. Modifiers such as negation and predicates 260

like “planned to” as in “Professor Plum planned to 261

attend” are also extracted in the predicate. 262

We pay special attention to copular construc- 263

tions, which always introduce predicates of state, 264

rather than event (Vendler, 1967). These are inter- 265

esting for modeling the properties of entities. 266

4.2 Learning Local Graphs 267

In previous entailment graph research (Hosseini 268

et al., 2018) a representation vector is computed 269

for each typed predicate in the graph. These are 270

compared via the DIH to establish entailment edges 271

between predicates. The features of each vector are 272

typically based on the entity pairs seen with that 273

predicate. Specifically, for a typed predicate p with 274

2Identified by the CoreNLP Named Entitiy Recogniser
(Manning et al., 2014; Finkel et al., 2005)
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corresponding vector v, v consists of features fi275

which are the pointwise mutual information (PMI)276

of p and the argument pair ai ∈ {(em, en) | em ∈277

Et1 , en ∈ Et2}. Here t1, t2 ∈ T , and Et is the sub-278

set of entities of type t. For example, the predicate279

BUILD(:company, :thing) might have some feature280

f37, the PMI of “build” with argument pair (Ap-281

ple, iPhone). A Balanced Inclusion (BInc) score282

is calculated for the directed entailment from one283

predicate to another (Szpektor and Dagan, 2008).284

BInc is the geometric mean of two subscores: a di-285

rectional score, Weeds Precision (Weeds and Weir,286

2003), measuring how much one vector’s features287

“cover” the other’s; and a symmetrical score, Lin288

Similarity (Lin, 1998), which downweights infre-289

quent predicates that cause spurious false positives.290

In this work we compute local binary graphs fol-291

lowing Hosseini et al. (2018) and leverage the new292

MDIH to compute additional entailments for unar-293

ies and between valencies. To do this we compute a294

vector for each argument slot respecting its position295

in the predicate. For a predicate p, a slot vector vs296

for s ∈ {1, 2} consists of features f (s)i . We define297

τ(p, s) = t, the type of slot s in predicate p. Each298

f
(s)
i is the PMI of p and the argument in slot s,299

a
(s)
i ∈ Et. Slot vectors are computed for the slot300

in unary relations and both slots in binaries. Each301

slot vector for p has size |vs| = |Et|, the number of302

entities in the data with the same type t.303

Continuing the example, we calculate two vec-304

tors for BUILD(:company, :thing): v1 ∈ R|E:company|305

which contains a feature for Apple, and v2 ∈306

R|E:thing| which contains a feature for iPhone.307

Slot vectors are comparable if they represent the308

same argument type. Edges are learned by com-309

paring corresponding slot vectors between predi-310

cates. For instance, DEFEAT(:person1, :person2)311

� BE.WINNER(:person1) 3 is learned by comparing312

the slot 1 vector of “defeat” with the slot 1 vector of313

“win.” If the entities who have defeated someone314

are usually found amongst the entities who are win-315

ners then we calculate a high BInc score, indicating316

defeat entails that its subject is a winner.317

Figure 1 illustrates a Multivalent Graph. This318

includes Bivalent Graphs which contain the entail-319

ments of binary predicates (BB and BU edges),320

and separate Univalent Graphs which contain the321

entailments of unary predicates (only UU edges,322

since we do not allow a unary to entail a binary).323

3Here we number the typed arguments for demonstration
to show which :person argument has the entailment

We follow previous research and learn separate 324

disjoint subgraphs for each typing, up to |T |2 bi- 325

valent and |T | univalent subgraphs given enough 326

data. For example, we learn a bivalent (:person, 327

:location) graph containing binary predicates such 328

as FLY.INTO(:person, :location) which may entail 329

unaries like BE.AIRPORT(:location). 330

Because a unary has only one type ti it may be 331

entailed by binaries in up to 2 ∗ |T | − 1 subgraphs 332

with types {(ti, tj) | j ∈ T }, i.e. all bivalent 333

graphs containing type ti. We learn entailments 334

from unaries (UU) in separate 1-type univalent 335

graphs. This efficiently learns one set of entail- 336

ments for each unary, but allows them to be freely 337

entailed by higher-valency predicates, e.g. binaries. 338

Bivalent graphs point transitively into univalent 339

graphs. In Figure 1, DEFEAT(:person1, :person2) � 340

BE.WINNER(:person1) in the person-person graph. 341

E.g. further entailments of BE.WINNER(:person) 342

are in the person univalent graph. 343

Person-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event GraphPerson-Event Graph

BE.WINNER(:person)

WIN.IN(:person, :event)

Person-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person GraphPerson-Person Graph

BE.WINNER(:person1)

DEFEAT(:person1, :person2)

OBLITERATE(:person1, :person2)

Bivalent Graphs

Univalent Graphs

Person GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson GraphPerson Graph
BE.WINNER(:person)

BE.CHAMPION(:person)

Figure 1: Bivalent graphs model entailments from bi-
nary predicates to equal- and lower-valency predicates
(binary and unary). Univalent graphs model entail-
ments from unaries to equal-valency unary predicates.

4.3 Learning Global Graphs 344

Local learning of entailments suffers from sparsity 345

issues which can be improved by further learning of 346

“global” graphs. We use the soft constraint method 347
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of Hosseini et al. (2018) which has two optimiza-348

tions. The paraphrase resolution constraint encour-349

ages predicates within the same typed graphs that350

entail each other to have similar entailment patterns.351

The cross-graph constraint additionally encourages352

compatible predicates across different typed graphs353

to share entailment patterns.354

We apply global learning to bivalent graphs and355

separately to univalent graphs. Globalization is356

valency-agnostic, using just the common structures357

between predicates, so bivalent graphs can use BB358

and BU edges to optimize binary predicate entail-359

ments. Final graph size statistics are in Table 1.360

Valency Vertices Edges

Bivalent 938K Binary 94M BB / 30M BU

Univalent 36K Unary 3.6M UU

Table 1: We learn 546 typed bivalent subgraphs which
contain entailments of binary predicate antecedents
(BB and BU); and 37 typed univalent subgraphs which
contain entailments of unary predicates (UU).

5 Evaluation: Question Answering361

We pose an automatically generated QA task to362

evaluate our model explicitly for directional infer-363

ence between binary and unary predicates, as we364

are not aware of any standard datasets for this prob-365

lem. Our task is to answer true-false questions366

about real events that are discussed in the news,367

for example, “Was Biden elected?” These types of368

questions are surprisingly difficult and frequently369

require inference to answer (Clark et al., 2019). En-370

tailment is especially useful for this task: we must371

decide if the hypothesis (question) is true given lim-372

ited news text which may be phrased differently.373

This task is designed independently of the374

MGraph as a challenge in information retrieval.375

Positive questions made from binary and unary376

predicates are selected directly from the news text377

using special criteria. From these we automatically378

generate false events to use as negatives, which are379

designed to mimic real, newsworthy events. We at-380

tempt to make every question answerable given the381

remaining text but because they are generated auto-382

matically there is no guarantee; however, the task383

is fair as all models are given the same informa-384

tion. The additive effects of multivalent entailment385

should be demonstrated on this task: with more386

kinds of entailment, the MGraph should find more387

textual support and answer more questions. 388

The task is presented on a text sample from 389

NewsCrawl, a multi-source corpus of news articles, 390

to be published separately. A test set is extracted 391

which contains 700K sentences from articles over 392

a period of several months, and also a development 393

set from a further 500K sentences. We generate 394

questions balanced to a ratio of 50% binary ques- 395

tions / 50% unary; and within each 50% positive 396

/ 50% negative. Table 2 shows a sample from the 397

dev set. We generate 34,394 questions on the test 398

set: 17,256 unary questions and 17,138 binary. 399

5.1 Question Generation 400

For realism, questions should be both interesting 401

and answerable using the corpus. A multi-step 402

process extracts questions from the news text itself. 403

Partitioning. First, the articles are grouped by 404

publication date such that each partition covers a 405

timespan of up to 3 consecutive days of news (49 406

partitions in the test set). We ask yes-no questions 407

about events happening within each partition, and 408

the remaining text in the partition is used as evi- 409

dence to answer them. We ask questions as if hap- 410

pening presently in this small window to control 411

for the variable of time, so we can ask ambigu- 412

ous questions like “Did the Patriots win the Super- 413

bowl?” which may be true or not depending on the 414

text’s date and timespan. The 3-day window size 415

was chosen to allow multiple news stories about an 416

event to appear together, increasing the chances of 417

finding question answers. Within each partition we 418

do relation extraction in a process mirroring §4.1. 419

Selecting Positives. A selection process adapted 420

from Poon and Domingos (2009) is used to choose 421

good questions which are interesting and answer- 422

able. We identify entities which star in the events of 423

the articles, which yield relevant questions as well 424

as ample textual evidence for answering them. In 425

each partition we count the mentions of each entity 426

pair (from binary propositions) and single entities 427

(from unary and binary ones). The most frequent 428

entities and pairs mentioned more than 5 times in 429

the partition are selected. Predicates which are 430

mentioned across the entire news corpus 10 times 431

or fewer are also filtered out; those remaining are 432

worth reporting and thus worth asking about. We 433

randomly sample from propositions featuring both 434

these star entities and predicates. 435

Generating Negatives. A simple strategy for 436

producing negatives might be substituting random 437
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Positive Negative

Did the Ohio State
Buckeyes play?

Did the Ohio State
Buckeyes fumble?

Was Mitt Romney a
candidate?

Was Mitt Romney a
write-in?

Did voters reject
Mike Huckabee?

Did voters discredit
Mike Huckabee?

Did Roger Clemens
receive from Brian
McNamee?

Did Roger Clemens
inherit from Brian
McNamee?

Table 2: A sample of dev set questions.

predicates into the positive questions. However,438

this is unsatisfactory because modern techniques439

in NLP excel at differentiating unrelated words.440

For example, a neural model will easily distin-441

guish a random negative like DETONATE(Google,442

YouTube) from a news text discussing Google’s ac-443

quisition of YouTube, classifying it as a false event444

on grounds of dissimilarity alone.445

To be a meaningful test of inference this task446

requires that negatives be difficult to discriminate447

from positives: they should be semantically related448

but should not logically follow from what is stated449

in the text. To this end we derive negative ques-450

tions from the selected positives using linguistic451

relations in WordNet (Fellbaum, 1998). We assume452

that news text follows the Gricean cooperative prin-453

ciple of communication (Davis, 2019), such that it454

will report only what facts are known and nothing455

more. To this end, noun hyponyms and their ver-456

bal equivalent, troponyms, are mined from the first457

sense of each positive in WordNet. For example,458

we extract “burn” as a troponym of “hurt” and the459

phrase “inherit from” as a troponym of “receive460

from.” We therefore expect that these specific rela-461

tions will be untrue in context and may be used as462

negatives. We also considered antonyms and other463

WordNet relations, but these are much sparser in464

English and have low coverage.465

For fairness, generated negatives which actually466

occur in the current partition are screened out (0.1%467

of proposed negatives), as well as negatives which468

never occur in the entire corpus (76.8% of pro-469

posed negatives). Only challenging negatives are470

left, which actually do occur in real news text. See471

Table 2 for a sample of questions. In the error472

analysis we find these negatives to be of good qual-473

ity: they are uncommonly inferable from the text,474

accounting for only a small percentage of false475

positive classifications.476

5.2 Question Answering Models 477

In each partition, models receive factual proposi- 478

tions as evidence for answering true-false questions. 479

A model scores how strongly it can infer the ques- 480

tion prop from each evidence prop, and we take the 481

maximum score as the answer to each question. 482

Exact-Match. Our text is multi-source news ar- 483

ticles, so world events are often discussed multiple 484

times in the data, even with the same phrasing. We 485

compute an “exact-match” baseline which shows 486

how many questions can be answered from an exact 487

string match in the text; the rest require inference. 488

Binary Entailment Graph. We find in §7 that 489

our BB model is roughly equivalent to the state of 490

the art binary-to-binary entailment graph (Hosseini 491

et al., 2018), so it serves as a baseline on this task. 492

All graph models look for directed entailments 493

from evidence propositions to the question propo- 494

sition. For example, “Was YouTube sold to 495

Google?” can be answered affirmatively by reading 496

“Google bought YouTube” using the graph edge 497

BUY(x, y) � SELL.TO(y, x). Entailment scores 498

range from 0 to 1, and if there are no entailments 499

we assume the question is false (score of 0). 500

Multivalent Entailment Graph. The MGraph 501

is made of 3 component models: (1) the BB model 502

which uses binary evidence to answer binary ques- 503

tions; (2) the UU model which uses unary evidence 504

to answer unary questions; and (3) the BU model 505

which uses binary evidence to answer unary ques- 506

tions. The MGraph is able to answer questions 507

using evidence across valencies, e.g. “Is J.K. Rowl- 508

ing an author?” is affirmed by reading “J.K. Rowl- 509

ing wrote The Sorcerer’s Stone” using the graph 510

edge WRITE(x, y) � BE.AUTHOR(x). Individu- 511

ally, each model answers only binary or unary qus- 512

tions, not both. By combining them all kinds of 513

questions can be answered using all available ev- 514

idence. At each precision level if any component 515

model predicts true, the overall model does too. 516

In some test cases the entity typer may make an 517

error, and so we fail to find the question predicate 518

in the typed subgraph. Similar to Hosseini et al. 519

(2018) in these cases we back off, querying all 520

subgraphs for the untyped predicate and averaging 521

the entailment scores found. We find 5% more 522

unary questions and 18% more binaries. 523

Similarity Models. BERT and RoBERTa pred- 524

icate embeddings (Devlin et al., 2019; Liu et al., 525

2019) are used in an unsupervised manner to an- 526

swer questions based on similarity to the evidence. 527
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We encode the question into a representation vector,528

and each evidence proposition with the same argu-529

ments. We compute the cosine similarity between530

the question and each evidence vector, adjusted to531

a scale of 0 to 1: sim(p,q) = (cos(p,q) + 1)/2.532

To compute each vector encoding we construct a533

simple natural language sentence from the proposi-534

tion using its predicate and arguments and encode535

it with the language model. Our representation in-536

cludes only the encoding for the predicate in the537

context of its arguments, but not the arguments538

themselves to make this a true test of predicate539

similarity. We average all final hidden-state vec-540

tors from the model corresponding to the predicate,541

excluding those of the arguments. We test the ba-542

sic BERT model and RoBERTa model, which has543

robustly pretrained on 160GB of text (76GB news).544

PPDB. Though supervised, PPDB 2.0 (we use545

XXXL) (Pavlick et al., 2015) is a useful compar-546

ison as it is a large, well-understood resource for547

phrasal entailment. PPDB relations come from548

bilingual pivoting and are categorized using text-549

based features, which is very different from our550

argument-tracking method. We view PPDB as551

a kind of Entailment Graph with 9M predicate552

phrases (vertices) and 33M “Equivalence” and553

“ForwardEntailment” edges. We convert evidence554

and question propositions into a natural text for-555

mat and extract a PPDB relation score from each556

evidence phrase to the question.557

6 Question Answering Results558

The models produce a gradation of judgement559

scores, so as in earlier work we slide the classifica-560

tion threshold to produce a precision-recall curve561

for each model. Results are in Figure 2 (left).562

Multivalent graph performance is shown incre-563

mentally. The BB model based on Hosseini et al.564

(2018) can answer a portion of binary questions;565

the UU model can answer more unary questions;566

adding the BU model can answer still more unary567

questions using binary evidence. We observe suc-568

cessful inference of our kill/die example and others.569

“Obama was elected to office” affirms the question570

“Was Obama a candidate?” and “Zach Randolph571

returned” affirms “Did Zach Randolph arrive?”572

Our test set is from multiple sources over the573

same time period. The exact-match baseline shows574

the limitations of answering questions simply by575

collecting more data. The complete MGraph576

achieves ~3x this recall by drawing inferences.577

Our MGraph achieves higher precision than 578

BERT and RoBERTa similarity models in the low 579

recall range. On this test the similarity models 580

perform well, achieving full recall by generalizing 581

for rare predicates. RoBERTa performs better than 582

BERT due to in-domain pretraining. 583

The BB model appears to struggle on this task. 584

In fact 90.5% of unary questions have a vertex in 585

the graph, but only 64.1% of binary question predi- 586

cates do. In many cases the BB model can’t answer 587

the question because the question predicate wasn’t 588

seen during training. This difference is likely be- 589

cause binary predicates are more diverse and suffer 590

more from sparsity: they often include multiple 591

words and have a second, typed argument. Indeed, 592

most binary predicate research (in symbolic meth- 593

ods) focuses on only the top 50% of recall in sev- 594

eral datasets (Berant et al., 2010, 2015; Levy and 595

Dagan, 2016; Hosseini et al., 2018). 596

To account for this, we create a filtered question 597

set. From all questions we remove those without 598

a vertex in the MGraph, then balance them as in 599

§5, resulting in 20,519 questions (10,273 unary and 600

10,246 binary). This filtered test directly compares 601

the models, since both the entailment graphs and 602

the similarity models have a chance to answer all 603

the questions. Results are shown in Figure 2 (right), 604

with a very different outcome. Head-to-head, the 605

MGraph offers substantially better precision across 606

all recall levels. At 50% recall, the MGraph has 607

76% precision with RoBERTa at 65%. 608

Notably, on both tests, binary and unary predi- 609

cate evidence answers more unary questions than 610

just using unary evidence. On the filtered test, the 611

BU model increases max recall from 54% to 70%. 612

Finally, we note PPDB’s poor performance 613

(highest recall shown), achieving only 1% higher 614

recall than the exact-match baseline despite having 615

entries for 88% of questions. Though PPDB has 616

many directional entailments, this sparsity is likely 617

because bilingual pivoting excels at detecting near- 618

paraphrases, not relations between distinct even- 619

tualities, e.g. “getting elected” entailing “being a 620

candidate.” Advantageously, our method learns this 621

open-domain commonsense knowledge by tracking 622

entities across all the events they participate in. 623

6.1 Error Analysis 624

We sample 100 false positives for each model and 625

report analysis in Table 3. In all models spurious 626

entailments are the largest issue, and may occur 627
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Figure 2: (Left) Overall performance on the QA task. (Right) performance on the filtered task. Note that BB, UU,
and BU models may individually reach a max recall of 50% because they answer only binary or unary questions.

due to normalization of predicates during learning,628

or incidental correlations in the data. The UU and629

BU models also suffer during relation extraction630

(parsing). When we fail to parse a second argu-631

ment for a predicate we assume it only has one and632

form a bad unary (e.g. reporting verbs “explain,”633

“announce,” etc. for quotes). We also find relatively634

few poorly generated negatives, which are actually635

true given the text. In these cases the model finds636

an entailment which the authors judge to be correct.637

Error Source False Positive Example
Unary to Unary (UU) Judgements

Spurious Entailment
(57%)

The United States advances �
The United States falls

Parsing (26%) Reuters reports � Reuters notes
Poor Negative
(actually true) (17%)

Productivity increases � Produc-
tivity grows

Binary to Unary (BU) Judgements
Spurious Entailment
(65%)

New York Mets create through
camerawork � New York Mets
benefit

Parsing (26%) John McCain spent part of 5
years � John McCain drew

Poor Negative
(actually true) (9%)

The Yankees overwhelm the
Mariners � the Yankees prevail

Binary to Binary (BB) Judgements
Spurious Entailment
(53%)

A soldier was killed in Iraq � A
soldier was murdered in Iraq

Poor Negative
(actually true) (32%)

Profits fall in the first quarter �
Profits decline in the first quarter

Parsing (17%) medal than United States �
United States take the medal

Table 3: False positive analysis. Models predict entail-
ments from the text (left) to generated negatives (right).

7 Evaluation: Bivalent Globalization638

Globalization improves the overall edge set of a639

graph by generalizing between predicates which640

have similar entailments. Our Bivalent graphs con-641

tain new BU entailments in addition to BB entail-642

ments. We speculate if these additional local edges643

will improve BB globalization. For example, it may644

improve knowing that KILL(:thing, :person) and 645

KILL(:disease, :person) both entail DIE(:person). 646

We test the MGraph on the Levy/Holt dataset of 647

18,407 questions for BB entailment (Levy and Da- 648

gan, 2016; Holt, 2018), and compare it to Hosseini 649

et al. (2018), the previous state-of-the-art result. 650

We find no significant difference in performance 651

by plotting the precision-recall curve on the dataset 652

and comparing area under curve (AUC). We note 653

an AUC of 0.1618 for SOTA and 0.1615 for ours. 654

This suggests that, on this dataset, the information 655

added by local entailments to unaries does not help 656

or hinder learning global entailments to binaries. 657

8 Conclusions 658

We have shown that the MDIH is an effective theory 659

of unsupervised, open-domain predicate entailment 660

which can generalize across valencies by respecting 661

argument roles. 662

Our multivalent entailment graph’s performance 663

has been demonstrated on a question answering 664

task requiring fine-grained semantic understanding. 665

Our method is able to answer a broader variety 666

of questions than earlier entailment graphs, and in 667

particular we answer more questions by drawing on 668

evidence across valencies. We outperform baseline 669

models including a strong similarity measure using 670

BERT and RoBERTa in an unsupervised setting, 671

while using far less training data. This shows that 672

directional entailment is more helpful for inference 673

on the task than non-directional similarity, even 674

with robust, in-domain pretraining. 675

We also noted a complementarity between unsu- 676

pervised methods. Our symbolic graph method 677

achieves high precision for learned predicates, 678

while sub-symbolic neural models achieve high 679

recall by generalizing to unseen predicates. Fu- 680

ture work may leverage our MDIH signal to train a 681

directional neural classifier and combine benefits. 682

8



References683

Jonathan Berant, Noga Alon, Ido Dagan, and Jacob684
Goldberger. 2015. Efficient global learning of entail-685
ment graphs. Computational Linguistics, 41(2):221–686
263.687

Jonathan Berant, Ido Dagan, and Jacob Goldberger.688
2010. Global learning of focused entailment graphs.689
In Proceedings of the 48th Annual Meeting of the690
Association for Computational Linguistics, pages691
1220–1229, Uppsala, Sweden. Association for Com-692
putational Linguistics.693

Kurt Bollacker, Colin Evans, Praveen Paritosh, Tim694
Sturge, and Jamie Taylor. 2008. Freebase: A collab-695
oratively created graph database for structuring hu-696
man knowledge. In Proceedings of the 2008 ACM697
SIGMOD International Conference on Management698
of Data, SIGMOD ’08, page 1247–1250, New York,699
NY, USA. Association for Computing Machinery.700

Christopher Clark, Kenton Lee, Ming-Wei Chang,701
Tom Kwiatkowski, Michael Collins, and Kristina702
Toutanova. 2019. BoolQ: Exploring the surprising703
difficulty of natural yes/no questions. In Proceed-704
ings of the 2019 Conference of the North American705
Chapter of the Association for Computational Lin-706
guistics: Human Language Technologies, Volume 1707
(Long and Short Papers), pages 2924–2936, Min-708
neapolis, Minnesota. Association for Computational709
Linguistics.710

Ido Dagan, Oren Glickman, and Bernardo Magnini.711
2006. The pascal recognising textual entailment712
challenge. In Machine Learning Challenges. Eval-713
uating Predictive Uncertainty, Visual Object Classi-714
fication, and Recognising Tectual Entailment, pages715
177–190, Berlin, Heidelberg. Springer Berlin Hei-716
delberg.717

Ido Dagan, Lillian Lee, and Fernando CN Pereira.718
1999. Similarity-based models of word cooccur-719
rence probabilities. Machine learning, 34(1-3):43–720
69.721

Donald Davidson. 1967. The logical form of action722
sentences. In Nicholas Rescher, editor, The Logic of723
Decision and Action. University of Pittsburgh Press.724

Wayne Davis. 2019. Implicature. In Edward N. Zalta,725
editor, The Stanford Encyclopedia of Philosophy,726
fall 2019 edition. Metaphysics Research Lab, Stan-727
ford University.728

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and729
Kristina Toutanova. 2019. BERT: Pre-training of730
deep bidirectional transformers for language under-731
standing. In Proceedings of the 2019 Conference732
of the North American Chapter of the Association733
for Computational Linguistics: Human Language734
Technologies, Volume 1 (Long and Short Papers),735
pages 4171–4186, Minneapolis, Minnesota. Associ-736
ation for Computational Linguistics.737

Christiane Fellbaum. 1998. WordNet: An Electronic 738
Lexical Database. Bradford Books. 739

Jenny Rose Finkel, Trond Grenager, and Christopher 740
Manning. 2005. Incorporating non-local informa- 741
tion into information extraction systems by gibbs 742
sampling. In Proceedings of the 43rd Annual Meet- 743
ing on Association for Computational Linguistics, 744
ACL ’05, page 363–370, USA. Association for Com- 745
putational Linguistics. 746

Maayan Geffet and Ido Dagan. 2005. The distribu- 747
tional inclusion hypotheses and lexical entailment. 748
In Proceedings of the 43rd Annual Meeting of the As- 749
sociation for Computational Linguistics (ACL’05), 750
pages 107–114, Ann Arbor, Michigan. Association 751
for Computational Linguistics. 752

Xavier Holt. 2018. Probabilistic models of relational 753
implication. Master’s thesis, Macquarie University. 754

Mohammad Javad Hosseini, Nathanael Chambers, Siva 755
Reddy, Xavier R. Holt, Shay B. Cohen, Mark John- 756
son, and Mark Steedman. 2018. Learning typed en- 757
tailment graphs with global soft constraints. Trans- 758
actions of the Association for Computational Lin- 759
guistics, 6:703–717. 760

Dimitri Kartsaklis and Mehrnoosh Sadrzadeh. 2016. 761
Distributional inclusion hypothesis for tensor-based 762
composition. In Proceedings of COLING 2016, 763
the 26th International Conference on Computational 764
Linguistics: Technical Papers, pages 2849–2860, 765
Osaka, Japan. The COLING 2016 Organizing Com- 766
mittee. 767

Omer Levy and Ido Dagan. 2016. Annotating relation 768
inference in context via question answering. In Pro- 769
ceedings of the 54th Annual Meeting of the Associa- 770
tion for Computational Linguistics (Volume 2: Short 771
Papers), pages 249–255, Berlin, Germany. Associa- 772
tion for Computational Linguistics. 773

Mike Lewis and Mark Steedman. 2013. Combined 774
distributional and logical semantics. Transactions 775
of the Association for Computational Linguistics, 776
1:179–192. 777

Dekang Lin. 1998. Automatic retrieval and cluster- 778
ing of similar words. In COLING 1998 Volume 779
2: The 17th International Conference on Computa- 780
tional Linguistics. 781

Xiao Ling and Daniel S. Weld. 2012. Fine-grained 782
entity recognition. In Proceedings of the Twenty- 783
Sixth AAAI Conference on Artificial Intelligence, 784
AAAI’12, page 94–100. AAAI Press. 785

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man- 786
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis, 787
Luke Zettlemoyer, and Veselin Stoyanov. 2019. 788
Roberta: A robustly optimized bert pretraining ap- 789
proach. 790

Claudia Maienborn. 2011. Event semantics, pages 791
802–829. 792

9

https://doi.org/10.1162/COLI_a_00220
https://doi.org/10.1162/COLI_a_00220
https://doi.org/10.1162/COLI_a_00220
https://www.aclweb.org/anthology/P10-1124
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.1145/1376616.1376746
https://doi.org/10.18653/v1/N19-1300
https://doi.org/10.18653/v1/N19-1300
https://doi.org/10.18653/v1/N19-1300
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.3115/1219840.1219885
https://doi.org/10.3115/1219840.1219885
https://doi.org/10.3115/1219840.1219885
https://doi.org/10.3115/1219840.1219885
https://doi.org/10.3115/1219840.1219885
https://doi.org/10.3115/1219840.1219854
https://doi.org/10.3115/1219840.1219854
https://doi.org/10.3115/1219840.1219854
https://doi.org/10.1162/tacl_a_00250
https://doi.org/10.1162/tacl_a_00250
https://doi.org/10.1162/tacl_a_00250
https://www.aclweb.org/anthology/C16-1268
https://www.aclweb.org/anthology/C16-1268
https://www.aclweb.org/anthology/C16-1268
https://doi.org/10.18653/v1/P16-2041
https://doi.org/10.18653/v1/P16-2041
https://doi.org/10.18653/v1/P16-2041
https://doi.org/10.1162/tacl_a_00219
https://doi.org/10.1162/tacl_a_00219
https://doi.org/10.1162/tacl_a_00219
https://www.aclweb.org/anthology/C98-2122
https://www.aclweb.org/anthology/C98-2122
https://www.aclweb.org/anthology/C98-2122
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
https://doi.org/10.1515/9783110589245-008


Christopher D. Manning, Mihai Surdeanu, John Bauer,793
Jenny Finkel, Steven J. Bethard, and David Mc-794
Closky. 2014. The Stanford CoreNLP natural lan-795
guage processing toolkit. In Association for Compu-796
tational Linguistics (ACL) System Demonstrations,797
pages 55–60.798

D.B. Nguyen, Johannes Hoffart, M. Theobald, and799
G. Weikum. 2014. Aida-light: High-throughput800
named-entity disambiguation. volume 1184.801

Ellie Pavlick, Pushpendre Rastogi, Juri Ganitkevitch,802
Benjamin Van Durme, and Chris Callison-Burch.803
2015. PPDB 2.0: Better paraphrase ranking, fine-804
grained entailment relations, word embeddings, and805
style classification. In Proceedings of the 53rd An-806
nual Meeting of the Association for Computational807
Linguistics and the 7th International Joint Confer-808
ence on Natural Language Processing (Volume 2:809
Short Papers), pages 425–430, Beijing, China. As-810
sociation for Computational Linguistics.811

F. Petroni, T. Rocktäschel, A. H. Miller, P. Lewis,812
A. Bakhtin, Y. Wu, and S. Riedel. 2019. Language813
models as knowledge bases? In In: Proceedings of814
the 2019 Conference on Empirical Methods in Natu-815
ral Language Processing (EMNLP), 2019.816

Hoifung Poon and Pedro Domingos. 2009. Unsu-817
pervised semantic parsing. In Proceedings of the818
2009 conference on empirical methods in natural819
language processing, pages 1–10.820
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